Introduction
In recent times, there has been a rekindling of interest in the livelihood of small islands with small populations, which overwhelmingly rely on tourism as a source of income. In these islands, commonly referred to as small island tourism economies (SITEs), tourism accounts for a substantial proportion of foreign exchange earnings. These earnings enable importation of consumer as well as capital goods for economic development, are a significant share of government revenue, are a key determinant of development expenditure, and provide employment for a considerable proportion of the workforce.
As a result of time-varying effects such as changes in economic fortunes abroad, natural disasters, ethnic conflicts, crime, terrorist incidents, and other exogenous factors, there have been periods of considerable fluctuation in international tourism demand to SITEs. These fluctuations in demand can and do have a significant impact on the solvency of small hotels, employment in the industry and the economies of SITEs in general. It is therefore imperative that tourism planners and policymakers have an understanding of volatility and models to forecast volatility of tourist arrivals.
Although international tourism is presently the fastest growing and most important tradable sector in the world economy, this important sector has often been ignored and consequently there is only a limited literature on the significance of tourism in SITEs and the attendant economic implications. Consequently, little is known about the relationship between tourism and economic performance, particularly with respect to SITEs. We hope to help assuage this neglect by analysing the fluctuations and volatility in tourist arrivals to a representative SITE, Barbados.
Since Barbados depends primarily on tourism earnings as a source of foreign exchange and employment, a careful examination of the volatility of tourist arrivals is important to formulate macroeconomic policy, as well as decision-making in the public and private sectors. This paper provides estimates of univariate symmetric and asymmetric models of the logarithm of and logdifference of monthly long-stay tourist arrivals to Barbados for the period . We also examine the associated volatilities of monthly long-stay tourist arrivals.
The only cases where variations in international tourism demand, particularly the conditional variance in international tourist arrivals, have been investigated in tourism literature are in Chan, Lim and McAleer (2005) , and Shareef and McAleer (2005) .
In Chan, Lim and McAleer (2005) , the authors model the conditional mean and conditional variance of the logarithm of the monthly tourist arrival rate from the 4 leading source countriesJapan, New Zealand, UK and USA -to Australia using monthly data from July 1975 to July 2000 using three multivariate constant conditional correlation (CCC) volatility models, specifically the symmetric CCC-MGARCH model of Bollerslev (1990) , the symmetric vector ARMA-GARCH model of Ling and McAleer (2003) and the asymmetric vector ARMA-AGARCG model of Chan, Hoti and McAleer (2002) . They find the presence of interdependent effects in the conditional variances between the four leading countries, and asymmetric effects in Japan and New Zealand.
They also find that their estimates are robust to the alternative specifications of the multivariate conditional variance. use several techniques to investigate the conditional volatility in monthly international tourist arrivals to Barbados (1973 -2002 ), Cyprus (1976 -2002 and Fiji (1968 Fiji ( -2002 using GARCH(1,1) and GJR(1,1). While estimates for the conditional mean and variance in monthly international tourist arrivals for a particular country were similar using both the GARCH(1,1) and GJR(1,1), estimates varied somewhat across countries. A similar result held when the growth rate of monthly tourist arrivals was modelled. Using the log-moment and second moment conditions, they found support for the statistical adequacy of the GARCH(1,1) and GJR(1,1) models.
The following section discusses the patterns of tourist arrivals to Barbados. Section 3 describes the data used, namely the logarithm of monthly tourist arrivals. Specifications of the volatility models used in this study are described in Section 4. Section 5 presents the estimates and discussion of the empirical results and the Section 6 presents concluding remarks.
Trends and Composition of Tourist Arrivals
In this section we analyse the trends in tourist arrivals to Barbados over the period 1977-2005. When we analyse the overall numbers, we find that the average annual number of tourists was 29 
Characteristics of Monthly Tourist Arrivals
For the analysis in this section, the authors use logarithms of total monthly tourist arrivals for the entire sample period under study, 1977-2005. The primary reason for using the logarithm of monthly arrivals was as a result of the presence of a unit root in the level of the series. The data are deseasonalised using Census X12, the US Census Bureau seasonal adjustment algorithm. The augmented Dickey-Fuller (ADF) test (1979, 1981) and the Phillips-Perron (PP) tests of the unit root hypothesis, conducted using Eviews 5.0, both suggest the absence of a unit root in the log of the monthly deseasonalised series (see Table 2 ). These tests are robust to changes in lag length and auxiliary equation specification. (2) would be suitable. Diagnostic checking confirmed that the ARMA(1,1) with a deterministic time trend was a more suitable description of the process: [1977] [1978] [1979] [1980] [1981] [1982] [1983] [1984] [1985] [1986] [1987] [1988] [1989] [1990] , with little evidence thereafter. These volatility clusters correspond to the peaks and troughs of the cycles described previously. Monthly tourist arrivals are also more volatile in the first half of the sample.
Volatility Models
The RiskMetrics volatility model is a popular tool employed to measure risk. The framework has two main advantages: (1) it is fairly simple, and; (2) it only requires a small number of observations. The RiskMetrics volatility is calculated as follows:
where is the volatility at time and is the squared return at time (month-on-month change in arrivals). Usually, the weighting parameter ( ) is set at 0.97 for monthly data.
The RiskMetrics approach is a special case of a generalised autoregressive conditional heteroskedasticity (GARCH) model. GARCH models, introduced by Engle (1982) and generalised by Bollerslev (1986) and Taylor (1986) , are specifically designed to model and forecast conditional variances. Volatility is modelled as a function of past values of the dependent variable and independent, or exogenous variables.
In general form the GARCH(p,q) model can be written as:
where Equation (4) states that the conditional variance of tourist arrivals depends on a constant ( ), the previous period's squared random component of tourist arrivals (referred to as ARCH effects or the short-run persistence of shocks) and the previous period's variance (the contribution of shocks to long-run persistence, ). Non-negativity of requires that , and are non-negative, while stationarity requires that . 1 A value of close to zero therefore implies that the persistence in volatility is high. The GARCH model is suitable when large changes in returns are likely to be followed by further large changes.
The GARCH model assumes that negative shocks have the same impact on future volatility 
The EGARCH model is asymmetric as long as when , then positive shocks generate less volatility than negative shocks.
1 It is also possible to consider so-called integrated GARCH models where . However, in these models volatility shocks have permanent effects (see Engle and Bollerslev, 1986) , which is not likely to be the case for tourist arrivals. 
where , for , for all , and . As in the previous models, shocks are asymmetric if .
Rather than assume that the conditional variance shows mean reversion to , which is constant for all , one can estimate a model that allows mean reversion to a varying level, . Using a GARCH(1,1) model, the component GARCH model (CGARCH) can be expressed as:
The CGARCH model would be appropriate if policies implemented by tourism officials can result in reduced volatility in the industry.
Empirical Results
All models are estimated for the period 1977Q2 to 2005Q12 and the results are presented in Table   x . All specifications are estimated by maximum likelihood in the econometric programme EViews 5.0. Additionally, the Thr.-GARCH model is estimated assuming that the errors have a generalised error distribution, while all the remaining models assume that the conditional distribution of the errors is normal.
The results for the ARCH(4) specification shows that with the exception of the second lag (which is insignificant), all the lags have a positive effect. Moreover, the coefficients on the lags do not appear to decrease to zero very quickly, suggesting that a shock to tourist arrivals in the current month can have significant (but not too large) effects on volatility of arrivals four months ahead.
The ARCH test suggests that the inclusion of the ARCH terms is enough to remove these effects from the residuals of the mean equation.
For the GARCH(1,1) model all the coefficients are positive and significant at classical levels of testing. The estimated value of is 0.544, which implies that the residuals are stationary.
Moreover, since the value of is not close to unity, it implies that the persistence in volatility is not too high. Like the ARCH model, the GARCH(1,1) removes all of the ARCH effects from the residuals in the mean equation. However, the GARCH(1,1) model only requires the estimation of three unknowns, compared five in the case of the ARCH specification.
To allow the effects of positive and negative shocks to differ the author also estimate three models that allow for asymmetry. In the EGARCH(1,1,1) model, the GARCH term is now insignificant at normal levels of testing. The results do, however, suggest that there is some asymmetry in the response of tourist arrivals volatility to shocks, since , but not in the direction originally anticipated. Surprisingly, is positive which suggests that positive economic shocks tend to have a larger effect on tourism volatility than negative shocks. The authors investigated the robustness of this result by using different selection criteria (Schwarz, Akaike and Adjusted R-squared), but the results did not change appreciably.
This surprising asymmetric result is also obtained when the The final volatility model considered is the CGARCH model which allows mean reversion to varying levels of volatility. Since , this implies that Equation (8) has an unconditional value of , or that shocks affecting the conditional variance decay exponentially, with a speed of mean reversion governed by . In Table x , has a value of 0.688, which suggest a fairly rapid speed of mean reversion.
To compare the alternative volatility models, Figure 5 plots the estimated variances as implied by the parameter estimates. In order to minimise the impact of initial conditions and to appreciate the differences across models the authors present the results for two years after 9/11. The figure shows that the RiskMetrics, ARCH, CGARCH, GARCH all capture the large spike in volatility. In addition, the volatility implied by the ARCH, EGARCH, PARCH and Thr.-GARCH are all less smooth than that obtained from the RiskMetrics, CGARCH and GARCH specifications
The authors also compare the implied volatility obtained from the models outlined above to the estimated volatility using quantile-quantile (QQ)-plots. The results are shown in Figure 6 . The the GARCH model are also having a similar distribution to that of the estimated volatility.
Conclusions
This study estimates various models of tourism volatility using monthly data from 1977 to 2005.
The models used include the popular RiskMetrics, ARCH, GARCH, exponential GARCH, Threshold GARCH, power GARCH and component GARCH. Each model allows the author to examine a particular aspect of tourism volatility. The ARCH and GARCH models suggest that there is some degree of volatility persistence in monthly tourist arrivals to Barbados, but it is not very large.
The Threshold GARCH, Power GARCH and Exponential GARCH all indicate some degree of asymmetry in the volatility of tourism arrivals: positive shocks have a differential impact on future volatility than negative shocks. The authors attribute these findings to the tourist area life cycle, where new markets tend to add to growth in arrivals, but are also likely to be more volatile. The
Component GARCH model also finds evidence of mean reversion to varying levels of volatility.
The models are then evaluated by comparing the implied volatilities as well as with QQ-plots. The results show that the CGARCH and GARCH models tend to capture most of the volatility persistence in the tourism arrivals to Barbados, and also have a similar distribution to that of the estimated volatility. 
